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Brain-computer interface of motion imagery based on mutual information-based feature extraction
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Abstract: Brain-computer interface is a kind of system that realizes communication between computers and human brains

and other devices. The features such as the network connection structure weights of multi-channel motion imagery
clectroencephalogram (EEQG) signals from F3, F4, C3, C4, FZ, CZ, FC1, FC2, FCS, FC6, etc are introduced in the study, and

support vector machine is used to classify different motion imagery tasks. The proposed brain network structure feature
extraction based on mutual information (MI) is compared with the traditional autoregressive model-based parameter feature
extraction. It is found that the accuracy rate of the MI-based feature extraction for motion imagery EEG signals classification

is significantly higher than that of the autoregressive model-based parameter feature extraction. After the two types of

features are fused, the classification accuracy rate of the constructed brain-computer interface classifier is significantly higher
than that of feature extraction method using MI or autoregressive model alone.
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Figure 1 Relationship between a variable entropy H and

the mutual information (MI) I between two variables
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Figure 2 Experimental sequence diagram
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Figure 3 Time—frequency domain diagrams of EEG signal before C3 and C4 channel filtering
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Figure 4 Time—frequency domain diagrams of EEG signal after C3 and C4 channel filtering
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Figure 5 Brain network structure diagrams of left and nght hand motion imagery
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Table 1 Brain network adjacency matrix of the left hand motion imagery

F3 0 1 0 0 0 0 1 0 1 0
L R
C3 0 0 0 0 0 0 0 0 0 0
7T T T T [ T T I e
FZ 0 0 0 0 0 0 0 0 0 0
ez ] oo lo o ool a0 o
FCl 0 0 1 0 0 0 0 0 0 0
R
FCs 1 0 1 0 0 0 0 0 0 1
O T I O O B B B

2 AFERNER ML BIEER

Table 2 Brain network adjacency matrix of the right hand motion imagery

FCs 1 0 1 0 0 0 0 0 0 0
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Table 3 Effect of delay between variables (7) on the accuracy of MI-
based feature extraction for motor imagery EEG signals

classification (%)

Panves 7=1 =2 =3 =4 7=5
S1 87.00 86.50 79.50 72.00 68.25
S2 88.50 87.75 87.25 86.88 84.88
S3 82.13 81.50 82.00 81.37 80.25
S4 68.50 68.00 66.50 65.00 62.13
S5 90.75 91.75 90.25 86.62 83.13
S6 72.00 73.62 71.62 68.75 62.88
S7 69.38 68.87 66.37 63.13 62.38
S8 77.38 78.00 76.25 72.88 68.75
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